Abstract: Post-fire forest regeneration is strongly influenced by abiotic and biotic heterogeneity in the pre-and post-fire environments, including fire regimes, species characteristics, landforms, hydrology, regional climate, and soil properties. Assessing these drivers is key to understanding the long-term effects of fire disturbances on forest succession. We evaluated multiple factors influencing patterns of variability in a post-fire boreal Larch (Larix sibirica) forest in Siberia. A time-series of remote sensing images was analyzed to estimate post-fire recovery as a response variable across the burned area in 1996. Our results suggested that burn severity and water content were primary controllers of both Larch forest recruitment and green vegetation cover as defined by the forest recovery index (FRI) and the fractional vegetation cover (FVC), respectively. We found a high rate of Larch forest recruitment in sites of moderate burn severity, while a more severe burn was the preferable condition for quick occupation by vegetation that included early seral communities of shrubs, grasses, conifers and broadleaf trees. Sites close to water and that received higher solar energy during the summer months showed a higher rate of both recovery types, defined by the FRI and FVC, dependent on burn severity. In addition to these factors, topographic variables and pre-fire condition were important predictors of post-fire forest patterns. These results have direct implications for the post-fire forest management in the Siberian boreal Larch region.
Introduction
Larix sibirica Ledeb. (Siberian Larch) is the dominant tree species covering approximately 80% of forests in the southern limit of the Siberian taiga of northern Mongolia. This Larch forest in the taiga forest-steppe transition zone is particularly vulnerable to climate change and fire disturbance [1, 2] . Coupled with a growing demand for wood products and environmental services, increasing rates of natural disturbances such as fire and climate change has highlighted technical and scientific gaps in managing for the persistence of the Siberian Larch forest [3] . An improved understanding of the biogeochemical and biogeophysical properties and mechanisms that determine patterns in the post-disturbance Larch forest is thus a key step to manage the forest sustainably.
Several field-based studies have demonstrated that composition and growth of the boreal Larch forests are influenced by fire and climate change [1] [2] [3] [4] . Otoda et al. [2] found that regeneration patterns after fire vary by tree species. Betula platyphylla Sukaczev. (Asian White Birch) regenerates vigorously after fire and is not dependent on seed sources. This contrasts with the post-fire regeneration of Siberian Larch that is dependent on the presence of nearby seed sources. Similar to Picea mariana (Black Spruce) in the North American boreal forest, high fire frequency and large burned areas in the boreal Siberian Larch forest are likely to promote the relative dominance of broadleaf trees and threaten the persistence of coniferous species [2, 5, 6] .
In addition to biotic factors, burn severity is one of the most important abiotic disturbance attributes that shape variation in post-fire regeneration [7] . Cai et al. [8] found that regenerated densities of Siberian Larch and Birch after a fire are both inversely related to burn severity. This is similar to the North American boreal forest where higher burn severity results in lower stem density and biomass of Black Spruce [6] . Other abiotic and biotic factors such as post-fire understory cover, soil moisture, soil organic depth and topography (i.e., elevation, slope, aspect) have less influence on post-fire forest patterns [8] [9] [10] . As well, climate trends underlie remarkable regional variation in the boreal Larch forest regrowth even within the same mountain system [1] . From tree-ring analysis, Dulamsuren et al. [1, 4, 11] found that annual tree-ring growth of Siberian Larch is negatively correlated with summer temperature while it has a positive relationship with the summer precipitation.
Despite the relevance of multiple fire and environmental factors for tree regeneration in the Siberian Larch forest, few studies have assessed the integrated influence of these factors at a relevant, landscape level. This lack of information has led to uncertainty in predicting important responses of the Siberian Larch forest to disturbance, particularly in the taiga-steppe transition zone. Remote sensing with its abundant data sources and time efficiencies offers considerable potential not only for tracking forest patterns but also for evaluating driving factors of forest regeneration after fire. Compared to field-based methods, remote sensing approaches enable forest researchers and managers to model the influence of key drivers on the post-fire forest patterns within a larger, landscape scale, spatial context.
Vegetation indices, such as Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) have been the most frequently used response variables representing the composition and structure of post-fire forest [12] [13] [14] [15] . The assumption that variation in these vegetation indices equates to forest recovery may be inappropriate and remains uncertain due to multiple layers of vegetation and substrate in the post-fire environment [16] [17] [18] .
Similar to the Spectral Mixture Analysis (SMA) [18] , the Fractional Vegetation Cover (FVC), a continuous scale of the areal proportion of the landscape occupied by green vegetation [19] , is a promising index for evaluating post-fire vegetation regrowth [20] . Additionally, the integrated forest z-score (IFZ) [21] indicates the probability that a non-forest pixel will become a forest pixel. This can also be an indicator of the post-fire forest recovery [22] . In our recent study [23] , the Landsat time-series of the FVC and the IFZ based Forest Recovery Index (FRI) have both been shown to successfully capture different pathways of post-fire forest recovery in the Siberian Larch forest. The FVC Landsat time-series can represent the early stages of the boreal Larch forest succession that dramatically quickens pace 5-6 years after the fire. Alternatively, the FRI time-series is more suitable to observe the regrowth of the Larch forest at later successional stages (e.g., the tenth year after the fire) [23] . In this study, we further assessed the effects of the burn severity and environmental conditions on post-fire forest patterns by using the FVC and FRI as response variables during different stages of Larch forest succession. More specifically, our objectives are (1) to evaluate the influence of a selected set of environmental factors on the variability of the post-fire forest recovery rate at different stages of the forest succession; and (2) to examine the degree of interaction among these driving factors in determining the forest recovery pattern after fire disturbances. Throughout this study, the term green vegetation recovery refers to the regrowth of all vegetation types following fire (i.e., herbaceous plants, shrubs, grasses, broadleaf and conifer trees) while the term forest regeneration, more specifically, refers to the regeneration of dominant Larch trees in the post-fire environment. This study provides an example of the primary use of the remotely sensed data for evaluating post-fire forest regeneration in which different successional pathways have been considered. Our results present an opportunity for forest managers to develop methods to rapidly evaluate as well as continuously monitor vegetation responses after the fire disturbances, particularly in the vast, remote regions of the Siberian boreal forest.
Materials and Methods

Study Area
Our study was conducted in the boreal Larch forest of Hovsgol province, northern Mongolia (49 • [3, 24] . In contrast to other coniferous ecosystems, Larch dominated forest is deciduous with unique ecological characteristics and successional patterns that usually do not include an early stage of dominance by broadleaf species [25] . The area has been recently heavily affected by severe fires caused by both human and lighting sources [26, 27] . Our study focused on a large wildfire area in June 1996 [28] that affected approximately 280 km 2 of predominantly Siberian Larch forest. The same burned area and detailed descriptions of the northern Mongolia ecosystem can be found in Chu et al. [23, 29] . 
Materials and Methods
Study Area
Our study was conducted in the boreal Larch forest of Hovsgol province, northern Mongolia (49°38′ N, 100°10′ E) ( Figure 1 ). The Siberian Larch (Larix sibirica) is a dominant species in the forest composition of the study area followed by Pinus sibirica Du Tour (Siberian Pine), Pinus sylvestrus L. [3, 24] . In contrast to other coniferous ecosystems, Larch dominated forest is deciduous with unique ecological characteristics and successional patterns that usually do not include an early stage of dominance by broadleaf species [25] . The area has been recently heavily affected by severe fires caused by both human and lighting sources [26, 27] . Our study focused on a large wildfire area in June 1996 [28] that affected approximately 280 km 2 of predominantly Siberian Larch forest. The same burned area and detailed descriptions of the northern Mongolia ecosystem can be found in Chu et al. [23, 29] . 
Datasets and Preprocessing
We used Landsat datasets as reported in Chu et al. [23] . In summary, the data comprised nine Landsat TM, six Landsat ETM+, and one Landsat OLI scenes in the same path of 137 and row of 24 (Table 1 ). All images were selected during peak-summer months (July and August) to minimize the influence of atmospheric conditions and vegetation phenology difference on estimates of time-series 
We used Landsat datasets as reported in Chu et al. [23] . In summary, the data comprised nine Landsat TM, six Landsat ETM+, and one Landsat OLI scenes in the same path of 137 and row of 24 (Table 1 ). All images were selected during peak-summer months (July and August) to minimize the influence of atmospheric conditions and vegetation phenology difference on estimates of time-series forest regrowth. All available images were downloaded from the USGS (United States Geological Survey) website [30] . We processed the data using atmospheric and topographic corrections (Chu et al. [23] ). The relative geometric correction was applied to our Landsat time-series data in which all images in the time-series were geo-corrected relative to a 1995 master. This step enhances the spatial accuracy of the image time-series (i.e., FVC and FRI), improving temporal change detection of the post-fire forest. In the correction of atmospheric condition, we selected the relative method of "absolute-normalization" [31, 32] . Absolute-normalization atmospheric correction matches all images in a time-series to an atmospherically corrected reference image [31] . We first applied the absolute atmospheric correction of surface reflectance on the 1998 reference image using the ATCOR (Atmospheric and Topographic Correction) algorithm [33] . All remaining images in the Landsat time series were then normalized to the corrected 1998 image using the iteratively re-weighted MAD (multivariate alteration detection) algorithms of Canty and Nielsen [32] .
In addition to Landsat data, a 90-m grid, digital elevation model from the Shuttle Radar Topography Mission (SRTM; [34] ) for the study area was acquired. We resampled it to 30 m grid size for calculation of topographic variables (e.g., slope and solar radiation) and satellite image correction.
The field survey was conducted from 2007 to 2009 at two different locations of the 1996 and 1991 burned areas [23] (see Section 2.3.2 in [23] for more detail). Within the location of each burned area, the data related to post-fire forest patterns such as biophysical parameters of unburned adult trees, seedlings and saplings were collected. Due to the limited access to the field, the distribution and number of field samples were insufficient to evaluate quantitatively the results from remotely sensed observation. It should be noted that the pre-fire condition of both burned areas was similar. Therefore, all field data, surveyed on the 1996 and 1991 burned areas, were summarized at different burn severity for the comparative analysis of the model accuracy in this study.
Indicators of Vegetation Response after Fire
Chu et al. [23] demonstrated that the FVC method can be used to monitor the regrowth of the green vegetation cover in an early stage of the forest succession. They also showed that the FRI method is useful to represent Larch forest regeneration in later stages of post-fire forest succession. The use of both FVC and FRI as response variables in this study was expected to account for different pathways of post-fire Larch forest succession that are driven by burn severity and environmental conditions in the taiga-steppe transition zone.
The time series of FVC and FRI were calculated based on Landsat time series data and the interpretation of high resolution WorldView-2 images and field data [23] . An NDVI based technique was used to calculate the FVC [19, [35] [36] [37] in which pixels were scaled between bare soil (NDVI s ) and dense vegetation index (NDVI v ) values (Equation (1)):
where NDVI is given by NDVI = ρ nir − ρ red ρ nir + ρ red ; ρ nir and ρ red are corrected reflectance obtained from sensor bands located in the near infrared (NIR) and red spectral regions for each pixel within an image [38] . NDVI s and NDVI v are values of NDVI for bare soil (FVC = 0) and pure green vegetation (FVC = 1) within an image, respectively. The FRI was proposed by Chu et al. [23] based on the integrated forest z-score (IFZ) of Huang et al. [21] (Equation (2)).
where IFZ is the integrated forest z-score [21] estimated from the forest z-score of each spectral band i:
; b i and SD i are the mean and standard deviation of the band i spectral values of known forest samples, respectively; NB is number of bands used. For Landsat images, Red (630-690 nm), SWIR1-Short Wave Infrared 1 (1550-1750 nm), and SWIR2-Short Wave Infrared 2 (2080-2350 nm) are used to calculate the IFZ values [22] . Our temporal trajectory of FVC and FRI [23] , using logistic and polynomial regressions, showed that the FVC increases dramatically after the fire disturbances while FRI, possibly showing both the post-fire tree mortality and the Larch regeneration, decreases for the first 10 years after fire and then gradually increases ( Figure 2 ). Our previous study [23] shows that the increasing trend of FVC and FRI is equivalent to the progress of green vegetation recovery and Larch forest regeneration following fire, respectively. Additionally, we focused on how the Larch forest and other species recover spatiotemporally after fire. Therefore, the only periods showing an increasing trend of FVC and FRI were selected to establish least squares relationship using Equations (3) and (4):
and
where the f FVC and the f FRI are the annual growth of green vegetation cover and Larch forest recruitment of each post-fire year to the pre-fire level, and YSF is the number of years since the fire. The β FVC and β FRI were the slope of the post-fire trend of the FVC and FRI and are defined as the rates of vegetation recovery and Larch forest regeneration of the post-fire forest, respectively. The temporal patterns of FVC and FRI (i.e., Equations (3) and (4)) were applied on a per pixel basis to derive the spatiotemporal patterns of the forest recovery, using pixel-wise least squares regression. Only the time-period showing an increasing trend in the temporal trajectory of the forest recovery was selected for the analysis of spatiotemporal forest patterns. Consequently, all cloud-free FVC images from 1998 to 2014 (i.e., YSF 2 to 18) were used to estimate the rate of vegetation recovery while cloud-free FRI images from 2007 to 2014 (i.e., YSF 11 to 18) were used to capture an increasing trend of FRI values illustrating the Larch forest recruitment after fire. The results of spatiotemporal patterns of forest recovery based on the slope of the post-fire trend of the FVC and FRI (i.e., β FVC and β FRI ) for the burned area in 1996 are shown in Figure 3 (Adapted from [23] ). Positive slopes for FVC and FRI represent an increasing trend of forest cover while negative slopes indicate the decreasing trend of forest cover. The p-value from linear regressions revealed whether recovery was statistically significant.
The continuous values of both FVC and FRI slopes (i.e., β FVC and β FRI ) were used as the response variables for modeling post-fire forest patterns. Hereafter, we will use the terms green vegetation recovery rate (i.e., grasses, shrubs and broadleaf trees dominated regrowth) and forest recovery rate (i.e., Larch dominated regrowth) to refer to the annual post-fire change in the FVC and the FRI slopes (β FVC and β FRI ), respectively as the analysis results of the FVC and FRI time series and the least squares regressions on a per pixel basis (Figure 3) . , respectively (see [23] ). Only the periods showing an increasing trend of the FVC and FRI were selected to calculate the forest recovery rate after fire using the Equations (3) and (4). , respectively (see [23] ). Only the periods showing an increasing trend of the FVC and FRI were selected to calculate the forest recovery rate after fire using the Equations (3) and (4). 
Exploring Drivers of Post-Fire Forest Pattern
Eight explanatory environmental variables from the Landsat imagery and other data sources were derived to model post-fire forest patterns. These variables were grouped into three categories: preand post-fire forest condition; local landscape; and topographic condition ( Table 2) . 
Explanatory variables
Pre-and post-fire forest condition
Pre-fire forest NDVI
The Normalized Vegetation Difference Index (NDVI) is a common indicator to evaluate forest health including tree density, tree age, and basal area. These pre-fire properties have a strong effect on post-fire forest regeneration. The pre-fire NDVI within Larch forest locations was thus selected as an indicator of pre-fire forest condition.
Derived from red and near infrared band of the pre-fire 1995 Landsat image
Burn severity
The burn severity is defined as the degree of ecosystem change attributed to fire disturbance. Three burn levels (low, moderate and high severity) were derived from our burn severity model of the study area.
Categorical with value of 1 (low), 2 (moderate) and 3 (high) severity
Burn severity model for the Siberian boreal Larch forest [29] Post-fire vegetation and soil moisture
The temperature-vegetation dryness index TVDI is a remote sensing based index that provides an indication of drought condition. The TVDI is negatively related to vegetation and soil water content. Higher TVDI results from the combination of lower precipitation and higher evaporation rate. This study used an 18-year mean of post-fire TVDI as indicator of post-fire vegetation and soil moisture condition.
Derived from the relationship between surface temperature (T s ) and NDVI that were extracted from Landsat time series (1998-2014)
Topographic variables
Solar insolation
The Solar insolation or solar radiation is the total amount of solar energy received at a particular location during a specified time period. It is an indicator of photosynthetically active radiation, soil moisture and soil temperature. The total amount of solar insolation in each location within the burned area was averaged during summer months in the study area. The distance to the water surface is an indicator of water content in the air and soil environment. Higher soil moisture and cooler air can be found near the water surface. It was calculated by Euclidean distance to water body that masked from the satellite imagery.
Continuous (MWH
Continuous (km)
Analysis of Euclidean distance and masked water surface from Landsat imagery
Land cover types Pre-fire land cover types may indicate the potential for forest recovery due to post-fire seed availability and soil condition. The pre-fire land cover types of Larch forest and non-Larch forest were evaluated to compare the recovery rate between these cover types.
Categorical with value of 1 (Larch forest) and 0 (other vegetation)
Classification of pre-fire land covers type based on forest z-score (IFZ) from Landsat images [23] 2.4.1. Pre-and Post-Fire Forest Condition Pre-fire vegetation condition (i.e., tree density, tree age, basal area, biomass, and species composition) may influence post-fire forest regeneration due to its relationship with the post-fire burn severity, the seed availability and the seed germination [9, [39] [40] [41] [42] [43] [44] [45] . Since NDVI is the most common remote sensing index and has shown consistent correlation with the vegetation condition and biophysical parameters [46] , we used it to represent the pre-fire vegetation condition. Within the burned Larch forest area, higher pre-fire NDVI was expected to correlate positively with forest conditions that provide a suitable post-fire environment for seedling and sapling recruitment.
Regarding the fire regime, fire frequency, fire intensity, and fire and burn severity are important factors that alter post-fire forest composition and structure [12] . Fire severity is the degree of environmental change caused directly by fire assessing immediately after a fire event (i.e., an initial assessment), while burn severity is defined as fire-induced changes in vegetation cover and assessed by a certain amount of time elapsed after a fire (i.e., an extended assessment) [7, 12, 47] . As the satellite imagery was not available immediately after the fire event to assess fire severity, the term "burn severity" is used throughout this study to evaluate the influence of fire behavior on post-fire forest patterns. Using the differenced Normalized Burn Ratio (dNBR) [48] and classification and regression tree (CART) model, Chu et al. [29] conducted the assessment of burn severity in the same study area in northern Mongolia. The dNBR values (dNBR= NBR pre-fire − NBR post-fire ). NBR was calculated using the equation (NIR-SWIR2)/(NIR+SWIR2), where the NIR and the SWIR2 are near infrared and short wave infrared Landsat bands respectively. We then scaled NBR by 1000 and classified it into four bins of high severity (dNBR ≥ 440), moderate severity (190 ≤ dNBR < 440), low severity (70 ≤ dNBR < 190), and unburned (dNBR < 70). The Landsat images acquired in 1995 and 1998 were used as pre-and post-fire images, respectively, for the calculation of the dNBR. Readers are referred to Chu et al. [29] for details of the methodology and results in mapping burn severity for the Siberian larch forest.
Many studies have shown that surface soil temperature and moisture determined by the organic layer depth after fire significantly controls the patterns of secondary succession in the boreal forest [45, [49] [50] [51] . In remote sensing applications, the combination of NDVI and land surface temperature (T s ) can provide information on vegetation and soil moisture conditions. Sandholt et al. [52] suggested a water stress index called the temperature-vegetation dryness index (TVDI) based on analysis of a simplified triangular shape of NDVI-T s space (Equation (5)). This index has been widely used in agricultural and forest meteorology to estimate soil moisture [52] [53] [54] [55] [56] . We used the TVDI as an indicator of soil moisture condition in the post-fire environment.
where T s is the observed surface temperature at a given pixel; T smin and T smax are the minimum and maximum surface temperature, respectively, observed for a given NDVI. T smin and T smax are also defined as "wet edge" and "dry edge", respectively, in the triangle shape of NDVI-T s space that can be modeled as linear fits to NDVI data (Equations (6) and (7)) [53, 54, 57, 58] :
T smin = a 2 + b 2 (NDVI)
where a 1 and b 1 are parameters defining the dry edge; a 2 and b 2 are parameters defining the wet edge. These parameters are estimated on the basis of pixels from an area large enough to represent the entire range of surface moisture contents. The TVDI has been demonstrated to be negatively correlated with soil moisture, particularly at soil depths from 0 to 10 cm [53, 54, 56, 59] . The value of the TVDI ranges from 1, indicating limited soil moisture availability to 0 representing unlimited water access and maximum evapotranspiration. Here, we derived the land surface temperature (T s ) from the thermal band (10.4-12.5 µm) of the Landsat data using the ATCOR algorithm in Geomatica software (2013, PCI Geomatics, Markham, ON, Canada). We used an NDVI interval of 0.01 to estimate maximum and minimum T S for regressing the dry and wet edge parameters, respectively. The time series of post-fire TVDI between 1998 and 2014 was used to calculate the post-fire mean TVDI as one of the explanatory variables of spatiotemporal vegetation recovery.
Topographic Variables
Topography is a significant factor related to the water availability, soil erosion, energy exchange and wind exposure that has a direct or indirect influence on the response of vegetation after fire [60, 61] . In the boreal Larch forest, conifer species tend to regenerate faster in low-lying sites with a shallow slope, mesic flat and thick soil [8, 62] . Upland and steep slope areas with moderate soil moisture content are ideal conditions for the broadleaf tree recruitment [8] . In our study, elevation, slope, and solar insolation were considered as a proxy for site conditions as well as indicators of the spatial arrangement of vegetation cover.
Incoming solar radiation (or solar insolation) is defined as the total amount of solar energy intercepted at a particular location during a specified time period. It is fundamental to most physical and biophysical processes because of its influence on the energy and water balance at the land surface, air and soil heating, evapotranspiration and photosynthesis of terrestrial ecosystems [63] . Photosynthetically active radiation that vegetation is able to use in the process of photosynthesis has a linear relationship with the solar insolation [64, 65] . Therefore, solar insolation can be used as an indicator of the photosynthetically active radiation. Solar insolation varies significantly depending on elevation, surface orientation (slope and aspect), and obstruction by surrounding topographic features. Several studies used aspect to represent solar radiation in studies of biophysical processes including the forest regeneration [3, 66] . However, using aspect to represent solar radiation may limit the interpretation of the vegetation dynamics driven by solar energy [67] . Here, we calculated the solar insolation using digital elevation model and a solar analyst model developed in ArcGIS by Fu and Rich [68] . We calculated the total solar insolation during each summer month-growing season (June-August) in the post-fire years-and averaged it to represent the mean solar insolation of the post-fire summer months. The mean solar insolation was used as an indicator of the regrowth variability within the burned area.
Local Landscape Variables
Landscape variables such as land cover type, landscape heterogeneity, and water surface have a significant effect not only on forest growth but also forest regeneration after disturbances [6, 43, 62, 69, 70] . Zhao et al. [62] found that the post-fire seed dispersal in Birch and Larch is higher than in Siberian Dwarf Pine (Pinus pumila). As a result, more Birch and Larch seedlings are found in burned areas than seedlings of Siberian Dwarf Pine [62] . In our study, the pre-fire Larch dominated forest was separated from other vegetation using the integrated forest z-score (IFZ) and the pre-fire 1995 image [23] . Larch forest regeneration was expected to proceed at a faster rate in the Larch burned area compared with the non-Larch burned area. Finally, because the study area is close to the water surface, including rivers and lakes (Figure 1) , we used the distance to water body as an explanatory variable that can influence water content in the air and soil of the study area. Water body was extracted from the Landsat NDVI image and then the Euclidean distance to it was calculated and used as a predictor of forest recovery.
Modeling Post-Fire Forest Pattern
The Random Forest (RF) algorithm [71] in the R package ModelMap [72] was used to model the post-fire vegetation recovery rate (β FVC ) and the Larch recovery rate (β FRI ) as a function of driving factors ( Table 2 ). The RF model is an extension of the non-parametric classification and regression trees (CART). The RF algorithm develops "forest" from the CART trees. For each CART model, a random portion of the data are selected to train the model and the remaining data are used for the model validation. A random subset of the predictors is selected at each node split to ensure that the effects of all the predictors are tested. There are several advantages of RF over the traditional classification techniques: (1) through a bootstrap approach, it can obtain higher accuracies than the single classification tree methods; (2) it develops accurate and unbiased predictions based on selections across bootstrap replicates; (3) it is non-parametric and thus unaffected by the distributional assumptions [71, 73] .
The training and testing samples for the RF algorithm in this study were randomly selected from a set of raster layers of both response and predictor variables. In an attempt to keep the samples equal and fully randomized among the categorical predictor variables (e.g., burn severity and pre-fire forest classes), we used a stratified random design to generate approximately 450 samples for each burn severity class (i.e., low, moderate and high severity classes). These samples were equally located in both the burned Larch forest and burned non-Larch forest. For each sample location, both responses (e.g., slope values of the FVC and the FRI recovery trend) and predictor variables (pre-fire forest NDVI, burn severity, distance to water body, land cover types, solar radiation, elevation, and slope) were extracted on a per pixel basis using the bilinear interpolation method. Consequently, there were a total of 1350 samples with 70% of them used as a training dataset and 30% used for validation. Similar to other stochastic techniques, the RF model may introduce uncertainty to the final predictions since model runs can include highly correlated variables and results in spurious variation [74, 75] . To reduce model uncertainty, multicollinearity among predictors was first examined using a variance inflation factor (VIF). All correlated factors were removed when the VIF exceeded the threshold value of 5 [76] . All proposed predictor variables (Table 2) were independent and thus included in the RF model. Second, the process of RF model tuning [74] was applied to the 70% training samples where the ntrees (i.e., number of trees) parameter in the model was selected based on building different RF models with increasing numbers of trees ranging from 100 to 2000 in 100 tree increments. Based on the 30% testing dataset, the numbers of trees that stabilized the role of predictor variables in determining response variables was then selected as an optimal ntrees parameter in the final RF model. Our analysis indicated that the importance of predictor variables to determine recovery rates stabilized between 1200 and 1650 trees, and thus a value of 1200 for ntrees was selected to reduce the processing time and computational complexity.
We report variance for each model as well as the importance of each predictor to the variance explained by the models. The variance explained for each model is similar to the coefficient of determination (R 2 ) for linear regressions that reports statistical fit to a given dataset. The independent validation dataset of the response and explanatory variables (i.e., 30% of the samples) was used to explain random forest variance. To measure the importance of the predictors, the RF algorithm randomly excludes the values for a single predictor with the remaining data used to predict the RF model across all trees. The resulting change in the mean square error from the original data was recorded and used as the variable importance measure. In addition, the interaction between predictor variables in explaining the response variable was also reported using three-dimensional interaction plots, in which two specified predictor variables are plotted on the x-and y-axis to determine the response variable plotted on z-axis [72, 74] . Two sets of RF models were run in this study. In the first set, we examined how burn severity and environmental factors influence the vegetation recovery rate defined by the FVC method. In the second set, the forest recovery rate defined by the FRI method was evaluated. We expected that the degree of influence of the predictor variables on the vegetation recovery rate is different from that of the forest recovery rate since each response variable accounts for a different stage of the post-fire forest recovery. The overall processing steps of modeling drivers of the post-fire forest regeneration are shown in Figure 4 . 
Results
Calculation of Drivers
Pre-and Post-Fire Vegetation Conditions
The 1995 Landsat TM was selected as the image to calculate the pre-fire NDVI ( Figure 5 ). The zonal statistic showed that the area of significant increase in the post-fire FVC and FRI slope had higher values of pre-fire NDVI than the area of significant decrease in the FVC and FRI slope, 0.65 and 0.46 respectively. This highlights the importance of the pre-fire forest condition in the recovery of the forest after fire disturbances in which healthier pre-fire forest conditions determined by the higher NDVI value may result in a faster forest recovery rate.
The result of mapping burn severity based on the pre-fire (1995) Landsat image and the post-fire (1998) Landsat image is also shown in Figure 5 . We found 59% of the area showed a significant increase in the FVC trend (or significant increase of vegetation cover) after fire in the moderate severity areas, while 26% and 15% of that area was located in the high and low severity burns. However, the rate of vegetation recovery was highest in the high burn severity area (βFVCmean = 0.04), followed by the moderate (βFVCmean = 0.024) and low burn severity areas (βFVCmean = 0.016). The results of Larch forest recovery showed that 45% of the area with a significant increase in FRI trend (i.e., significant increase of forest regeneration) after fire was in the moderate burn severity area, followed by the low (35%), and high (20%) severity burns areas. The moderate burn severity sites had the highest recovery rate as measured by the FRI slope (βFRImean = 0.01), followed by low (βFRImean = 0.006) and high (βFRImean = 0.003) burn severity sites. 
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The result of mapping burn severity based on the pre-fire (1995) Landsat image and the post-fire (1998) Landsat image is also shown in Figure 5 . We found 59% of the area showed a significant increase in the FVC trend (or significant increase of vegetation cover) after fire in the moderate severity areas, while 26% and 15% of that area was located in the high and low severity burns. However, the rate of vegetation recovery was highest in the high burn severity area (β FVCmean = 0.04), followed by the moderate (β FVCmean = 0.024) and low burn severity areas (β FVCmean = 0.016). The results of Larch forest recovery showed that 45% of the area with a significant increase in FRI trend (i.e., significant increase of forest regeneration) after fire was in the moderate burn severity area, followed by the low (35%), and high (20%) severity burns areas. The moderate burn severity sites had the highest recovery rate as measured by the FRI slope (β FRImean = 0.01), followed by low (β FRImean = 0.006) and high (β FRImean = 0.003) burn severity sites. Figure 5 . Pre-fire forest condition defined by the NDVI (a) and post-fire forest effects defined by burn severity (b). The burn severity classes were coded using categorical values of 1 for low, 2 for moderate, and 3 for high burn severity (Adapted from [29] ).
To measure vegetation and soil water content in the post-fire environment, we calculated the 18-year mean TVDI during the post-fire years (1998-2014) from NDVI and land surface temperature (TS) using NDVI-Ts space ( Figure 6 ). As higher TVDI values indicate lower soil moisture, forest regeneration is expected to have an inverse relationship with TVDI. 
Topographic and Local Landscape Variables
Topographic values were derived from the SRTM digital elevation model (DEM) (Figure 7a,b) . We found higher solar insolation in summer months in the south, southeast and southwest aspects that should result in the higher vegetation recovery rate. The slope predictor variable not only affects the amount of solar radiation striking the land surface, but also correlates to physical properties and constraints of soil (e.g., erosion, depth, moisture, and nutrients) for vegetation growth [77] [78] [79] . In the boreal Larch forest, it is expected that broadleaf tree recruitment is faster in upland sites with steep slopes compared with conifer recruitment [8] .
(a) (b) (a) (b) Figure 5 . Pre-fire forest condition defined by the NDVI (a) and post-fire forest effects defined by burn severity (b). The burn severity classes were coded using categorical values of 1 for low, 2 for moderate, and 3 for high burn severity (Adapted from [29] ).
To measure vegetation and soil water content in the post-fire environment, we calculated the 18-year mean TVDI during the post-fire years (1998-2014) from NDVI and land surface temperature (T S ) using NDVI-T s space ( Figure 6 ). As higher TVDI values indicate lower soil moisture, forest regeneration is expected to have an inverse relationship with TVDI. . Pre-fire forest condition defined by the NDVI (a) and post-fire forest effects defined by burn severity (b). The burn severity classes were coded using categorical values of 1 for low, 2 for moderate, and 3 for high burn severity (Adapted from [29] ).
Topographic values were derived from the SRTM digital elevation model (DEM) (Figure 7a,b) . We found higher solar insolation in summer months in the south, southeast and southwest aspects that should result in the higher vegetation recovery rate. The slope predictor variable not only affects the amount of solar radiation striking the land surface, but also correlates to physical properties and constraints of soil (e.g., erosion, depth, moisture, and nutrients) for vegetation growth [77] [78] [79] . In the boreal Larch forest, it is expected that broadleaf tree recruitment is faster in upland sites with steep slopes compared with conifer recruitment [8] . 
Finally, two landscape variables (pre-fire land cover types and distance to water body) were measured for modeling post-fire forest patterns (Figure 7c,d) . The results of zonal statistical analysis showed that there was a slight difference in the vegetation recovery rate measured by the FVC between the Larch burned forest and non-Larch burned forest with mean FVC slopes (β FVCmean ) of 0.024 and 0.023 respectively. However, the forest recovery rate measured by FRI in the Larch burned area was much higher than that in the non-Larch burn area (0.013 and 0.0001 respectively). This demonstrated the influence of pre-fire land cover on the post-fire tree recruitment. Furthermore, significantly, it confirmed our findings regarding the measurement of the post-fire vegetation and forest recovery using the FVC and FRI methods. The FVC method is suitable to measure all green vegetation recovery (e.g., herbaceous plants, grasses, shrubs, broadleaf and conifer trees), while the FRI method is suitable to estimate pre-fire tree recruitment (e.g., Larch trees). Finally, two landscape variables (pre-fire land cover types and distance to water body) were measured for modeling post-fire forest patterns (Figure 7c,d) . The results of zonal statistical analysis showed that there was a slight difference in the vegetation recovery rate measured by the FVC between the Larch burned forest and non-Larch burned forest with mean FVC slopes (βFVCmean) of 0.024 and 0.023 respectively. However, the forest recovery rate measured by FRI in the Larch burned area was much higher than that in the non-Larch burn area (0.013 and 0.0001 respectively). This demonstrated the influence of pre-fire land cover on the post-fire tree recruitment. Furthermore, significantly, it confirmed our findings regarding the measurement of the post-fire vegetation and forest recovery using the FVC and FRI methods. The FVC method is suitable to measure all green vegetation recovery (e.g., herbaceous plants, grasses, shrubs, broadleaf and conifer trees), while the FRI method is suitable to estimate pre-fire tree recruitment (e.g., Larch trees). Figure 7 . Examples of the topographic and landscape variables. Average solar insolation of summer months (a) and slope map (b) were derived from the surface analysis of a digital elevation model. Classification of pre-fire land covers using the 1995 integrated forest z-score (c) and the distance to water body using Euclidean distance (d). The water surface was masked using a 1995 NDVI Landsat image.
Modeling Post-Fire Forest Recovery
Modeling FVC Based Vegetation Recovery
Results from the random forest algorithm using a set of environmental predictors reveal that approximately 51% of the variation in the vegetation recovery rate measured by the FVC can be Figure 7 . Examples of the topographic and landscape variables. Average solar insolation of summer months (a) and slope map (b) were derived from the surface analysis of a digital elevation model. Classification of pre-fire land covers using the 1995 integrated forest z-score (c) and the distance to water body using Euclidean distance (d). The water surface was masked using a 1995 NDVI Landsat image.
Modeling Post-Fire Forest Recovery
Modeling FVC Based Vegetation Recovery
Results from the random forest algorithm using a set of environmental predictors reveal that approximately 51% of the variation in the vegetation recovery rate measured by the FVC can be explained by the predictor variables selected for this study (burn severity, elevation, distance to water, dryness temperature, solar insolation, pre-fire NDVI, slope and land cover type, Table 2 ). Model validation using an independent dataset also showed a good fit between the observed and predicted values of the vegetation recovery rate defined by the FVC slope. We found that burn severity was the most important factor explaining vegetation recovery, followed by elevation, water and solar energy related variables (Figure 8 ). Since the recovery of green vegetation in the post-fire environment includes not only Larch tree recruitment but also other early seral vegetation types, the pre-fire forest condition and land cover types that might determine seed source availability for Larch forest regeneration were less important than other variables in classifying the FVC based vegetation recovery rate.
explained by the predictor variables selected for this study (burn severity, elevation, distance to water, dryness temperature, solar insolation, pre-fire NDVI, slope and land cover type, Table 2 ). Model validation using an independent dataset also showed a good fit between the observed and predicted values of the vegetation recovery rate defined by the FVC slope. We found that burn severity was the most important factor explaining vegetation recovery, followed by elevation, water and solar energy related variables (Figure 8 ). Since the recovery of green vegetation in the post-fire environment includes not only Larch tree recruitment but also other early seral vegetation types, the pre-fire forest condition and land cover types that might determine seed source availability for Larch forest regeneration were less important than other variables in classifying the FVC based vegetation recovery rate. The independent (or testing) samples were used to estimate the vegetation recovery rate plotted in the z-axis based on the interaction between two specified predictor variables plotted in the x-and y-axis ( Figure 9 ). In this study, we observed the interaction of variable burn severity with other predictors in the determination of vegetation recovery. The remaining predictor variables were fixed at their mean (for continuous predictors) or their mode (for categorical predictors) in each interaction plot. The results showed that the FVC based vegetation recovery rate was positively correlated with burn severity, pre-fire vegetation condition, solar radiation, and slope (Figure 9d-f) . Similar to the temporal trajectory of forest pattern in different burn severity classes [23] , post-fire vegetation recovery measured by the FVC slope had the highest rate in high burn severity sites, followed by the moderate and low burn severity. The highest rate of vegetation recovery was also found in the altitude range from 1700 to 1900 m and that had burned with high severity (Figure 9a ). Distance to water seems to negatively correlate with vegetation recovery where the highest recovery rate was found in the areas with high burn severity and within 2 km from the water body ( Figure  9b) . Even though the relationship between soil moisture measured by the TVDI and vegetation The independent (or testing) samples were used to estimate the vegetation recovery rate plotted in the z-axis based on the interaction between two specified predictor variables plotted in the x-and y-axis (Figure 9 ). In this study, we observed the interaction of variable burn severity with other predictors in the determination of vegetation recovery. The remaining predictor variables were fixed at their mean (for continuous predictors) or their mode (for categorical predictors) in each interaction plot. The results showed that the FVC based vegetation recovery rate was positively correlated with burn severity, pre-fire vegetation condition, solar radiation, and slope (Figure 9d-f) . Similar to the temporal trajectory of forest pattern in different burn severity classes [23] , post-fire vegetation recovery measured by the FVC slope had the highest rate in high burn severity sites, followed by the moderate and low burn severity. The highest rate of vegetation recovery was also found in the altitude range from 1700 to 1900 m and that had burned with high severity (Figure 9a ). Distance to water seems to negatively correlate with vegetation recovery where the highest recovery rate was found in the areas with high burn severity and within 2 km from the water body (Figure 9b) . Even though the relationship between soil moisture measured by the TVDI and vegetation recovery rate was not clear, areas with high burn severity likely recovered more quickly when they have higher soil moisture defined by lower TVDI values (Figure 9c ). 
Modeling FRI Based Forest Regeneration
The RF model of FRI-predicted forest recovery indicated that approximately 40% of the variance in post-fire forest recovery can be explained using selected drivers (Table 2 ). Similar to the FVC based model, the variance explained in each model suggests that there are additional factors (e.g., fire frequency and intensity, soil properties and permafrost condition) that should be included in the models to further explain variation in the post-fire regeneration across the burned area. Validation results from the FRI based model using the independent dataset showed a strong linear relationship between the observed and predicted values of the forest recovery rate (Figure 10a) . The rate of post-fire Larch recruitment had the strongest relationship with burn severity, followed by distance to water, pre-fire vegetation condition (i.e., pre-fire NDVI), solar radiation, slope, dryness temperature, cover and elevation (Figure 10b ). Compared with FVC based vegetation recovery, elevation was of little importance to determine Larch forest recovery.
(g) (a) (b) Figure 9 . Interaction between burn severity and other environmental factors (a: burn severity and elevation; b: burn severity and distance to water bodies; c: burn severity and temperature -vegetation dryness index (TVDI); d: burn severity and solar insolation; e: burn severity and pre-fire normalized difference vegetation index (NDVI); f: burn severity and slope; g: burn severity and pre-fire land covers) in predicting the post-fire vegetation recovery rate defined by FVC. In each interaction plot, the remaining predictor variables were fixed at their mean (for continuous predictors) or their mode (for categorical predictors). Values in the legends show the vegetation recovery rate measured by the FVC slope.
The RF model of FRI-predicted forest recovery indicated that approximately 40% of the variance in post-fire forest recovery can be explained using selected drivers (Table 2 ). Similar to the FVC based model, the variance explained in each model suggests that there are additional factors (e.g., fire frequency and intensity, soil properties and permafrost condition) that should be included in the models to further explain variation in the post-fire regeneration across the burned area. Validation results from the FRI based model using the independent dataset showed a strong linear relationship between the observed and predicted values of the forest recovery rate (Figure 10a ). The rate of post-fire Larch recruitment had the strongest relationship with burn severity, followed by distance to water, pre-fire vegetation condition (i.e., pre-fire NDVI), solar radiation, slope, dryness temperature, cover and elevation (Figure 10b ). Compared with FVC based vegetation recovery, elevation was of little importance to determine Larch forest recovery. 
The RF model of FRI-predicted forest recovery indicated that approximately 40% of the variance in post-fire forest recovery can be explained using selected drivers (Table 2 ). Similar to the FVC based model, the variance explained in each model suggests that there are additional factors (e.g., fire frequency and intensity, soil properties and permafrost condition) that should be included in the models to further explain variation in the post-fire regeneration across the burned area. Validation results from the FRI based model using the independent dataset showed a strong linear relationship between the observed and predicted values of the forest recovery rate (Figure 10a) . The rate of post-fire Larch recruitment had the strongest relationship with burn severity, followed by distance to water, pre-fire vegetation condition (i.e., pre-fire NDVI), solar radiation, slope, dryness temperature, cover and elevation (Figure 10b ). Compared with FVC based vegetation recovery, elevation was of little importance to determine Larch forest recovery. Interaction plots of FRI model data showed more distinctive patterns in the relationship between the forest recovery rate and predictor variables (Figure 11 ). Post-fire Larch forest regeneration was strongly related to burn severity in which the highest rate of regeneration was found in the moderate severity areas, followed by the low and high severity burns (Figure 11 ). The forest regeneration rate was positively correlated with the pre-fire vegetation condition that is defined by the pre-fire NDVI (Figure 11b ), photosynthetically active radiation defined by the solar insolation (Figure 11c ), slope (Figure 11d) , and soil moisture (Figure 11e) . However, the forest regeneration rate was inversely correlated with the distance to water (Figure 11a ) at all burn severity classes. The highest rate of forest recruitment was found in the Larch burned areas that were close (<3 km) to water, had healthy (NDVI > 0.55) pre-fire vegetation condition and high soil moisture (TVDI < 0.2). In addition to the burn severity factor, these results suggest the importance of microclimate, seed availability and soil water content within the burned area that can accelerate the regeneration of the Larch forest. (e) (f) (g) Figure 11 . Interaction between burn severity and other factors (a: burn severity and distance to water bodies; b: burn severity and pre-fire normalized difference vegetation index (NDVI); c: burn severity and solar insolation; d: burn severity and slope; e: burn severity and temperature -vegetation dryness index (TVDI); f: burn severity and pre-fire land covers; g: burn severity and elevation) in predicting post-fire forest recovery pattern defined by FRI. In each interaction plot, the unplotted predictor variables were fixed at their mean (for continuous predictors) or their mode (for categorical predictors). Values in the legends show the forest recovery rate measured by FRI slope.
Discussion
Influence of Burn Severity on Post-Fire Vegetation Response
In both FVC and FRI models, variables generally ranked similarly between the two models. Burn severity was by far the most important driver in determining patterns of the forest recovery. This finding is consistent with other studies in boreal regions [8, 49] that indicate the primary control of burn severity on post-fire succession. However, our results reveal that the influence of burn severity on the early stages of forest succession is different when measuring Larch recruitment itself. Specifically, higher burn severity resulted in a higher rate of green vegetation recovery as predicted by FVC, while the moderate burn severity was the most favorable condition for Larch tree recruitment in later stages as defined by the FRI. These findings are similar to other remote sensing based studies. Epting and Verbyla [80] found that post-fire NDVI based green vegetation recovery in the Alaskan boreal forest is fastest in high burn severity locations, followed by moderate and low burn severity areas. Similarly, Jin et al. [81] used the MODIS enhanced vegetation index (EVI) as an indicator of the post-fire vegetation recovery in the North American boreal forests and found that more severe fires lead to more rapid post-fire EVI increases. According to Johnstone et al. [82] , the higher consumption of organic layers in severe fires results in more mineral soil exposure that favors growth of herbaceous species and broadleaf trees. These shade-intolerant species often grow quickly in early stages of post-fire forest succession [25, 83, 84] and respond positively to increased burn severity [45, 49, 84] . As a result, vegetation indices such as the NDVI, EVI, and NDVI based FVC which are sensitive to the changes of green vegetation canopy several years after the fire [81, 85] are positively correlated with burn severity.
Our remote sensing based estimates of the Larch forest recovery rate in later successional stages (≥10 years since fire) found that the moderate burn severity sites recovered faster, followed by low and high severity sites (Figure 11 ). This pattern of Larch regeneration with respect to burn severity is consistent with our field-based assessment conducted 13-years post-fire. We found that moderate burn severity was the most suitable condition for Larch forest regeneration with the highest density of 16 × 10 3 saplings/ha, followed by low and high burn severity sites with 740 saplings/ha and 630 saplings/ha, respectively (see Table 2 , [23] ). Even though seed and seedling density was highest (92 × 10 4 seeds/ha and 4.86 × 10 4 seedlings/ha) in the low severity sites, these seeds and seedlings could hardly grow to become saplings due to competition from the high density of undamaged parent trees (526 trees/ha) that resulted in low light availability for photosynthesis in the understory of low severity sites [28] . Compared with low and moderate burn severity sites, seed density in high severity burns was very low due to both the limitation of seed dispersal from the very few remaining adult trees (<42 trees/ha) and high seed death in severe fires. Consequently, moderate burn severity sites with a high seed density (40 × 10 4 seeds/ha) and light availability due to the low to moderate density of unburned parent trees (101 trees/ha) seem to create favorable conditions for seed germination and sapling growth compared with the high and low severity burned forest.
The relationship between burn severity and Larch regeneration in our study differs from studies in the Alaska interior boreal Black Spruce forest where the burn severity is positively correlated with seedling establishment [82] and in the northeast China boreal Larch forest where the density of tree recruitment (both conifer and broadleaf trees) is negatively correlated with burn severity [8] . These differences are likely confounded by several factors such as the experiment design, fire ecology, soil organic layer depth and the regeneration ecology of the dominant tree species. Cai et al. [8] only used two burn severity classes (low and high) and included both seedling and sapling density in post-fire tree recruitment density. If both seedlings and saplings had been included in our field-based and remotely-sensed study, we would have found a similar, negative relationship between post-fire tree-recruitment and burn severity as shown in Cai et al.'s study. Remotely sensed observation is often highly correlated with overstory properties. Distinguishing between seedling and sapling density is thus necessary to be able to capture overstory forest using remote sensing. It should also be noted that, from our field observations, seedling-to-sapling growth in low burn severity sites was negligible. This was possibly due to competition from the high density of remaining, parent trees.
North American boreal conifers survive in crown-fire dominated ecosystems by storing seeds in serotinous cones that can disperse seeds after a fire and are thus able to regenerate as a shade tolerant species growing in an understory of pioneer species [86] . In our study area, increased burn severity dramatically decreases Larch seeds available for regeneration (92 × 10 4 seeds/ha in low severity sites and 4 × 10 4 seeds/ha in high severity sites). The lack of seeds in high burn severity sites can thus constrain post-fire Larch recruitment. However, as discussed previously, our finding of green vegetation recovery in early successional forests as measured by FVC is consistent with North American studies. These results suggest that variation in forest recovery related to burn severity is a general property of deciduous conifer and broadleaf boreal forests.
Influence of Other Environmental Factors on Post-Fire Vegetation Response
Even though burn severity has been found to be an important factor influencing post-fire forest patterns ( [6, 8, 49, 81, 82, 84] , this study), many other environmental factors likely affect the recovery of post-fire vegetation. In this study, we investigated the influence of other factors related to the site conditions on variation of post-fire forest recovery. Our results showed that soil and air water content, defined by the distance to a water body and TVDI variables, is likely the second most important driver of recovery in both early and late recovering species following fire disturbances. In particular, Larch forest regeneration clearly had a positive relationship with water content (Figure 11a,e) . The results of our field observations showed that a much higher number of saplings was found in plots closer to a lake. This suggests the importance of water balance for Larch growth. This finding is similar to the studies in the North American boreal forest in which the dramatically lower levels of tree recruitment (both broadleaf and conifer) were found in sites with lower soil moisture [51, 82] . For the long-term Larch forest growth, changes in water-related factors such as temperature, precipitation, soil moisture and water potential due to climate change are important factors for influencing Larch forest growth and regeneration [1, 4, 11, 87] . For example, young Larch trees growing in the taiga-steppe forest are more susceptible to drought than mature trees at the same sites [87] . Similarly, recent declines of Larch forests at the southern limit of the Siberian boreal forest are attributed to decreasing effective moisture due to increasing summer temperature and decreasing summer precipitation as a result of climate change [1, 11] .
Our results showed that elevation was the least important variable in predicting the regeneration rate of the Larch forest while it was the second most important variable for explaining patterns of green vegetation cover. This suggests that the rate of green vegetation recovery is more varied across elevations than it generally is in Larch dominated regrowth. Even though our field observations and other studies [8, 82] showed that conifer recruitment in boreal forests is negatively correlated with the elevation, other factors related to burn severity, soil water content, pre-fire vegetation condition and solar insolation are the most important variables to predict forest regeneration [2, 8, 27] . These results suggest that such factors obscure elevation factor as a predictive variable for determining Larch regeneration in our ecosystem.
Solar insolation was also an important factor that showed a positive correlation with the green vegetation recovery rate at low burn severity (Figure 9d ) and the Larch regeneration rate (Figure 11c ). Nevertheless, it was negatively correlated with the green vegetation recovery rate at moderate and high burn severity (Figure 9d ). Solar insolation is not only related to soil temperature and moisture [63] but also has a linear relationship with photosynthetically active radiation [65] . Negative or positive responses of both green vegetation and Larch dominated regrowth to total summer solar insolation depended on burn severity in our study. This reflects the basic photosynthetic need for light for post-fire vegetation to regrow. In the early stages of post-fire forest succession, low burn severity sites are still dominated by undamaged adult trees. Therefore, an increase in solar insolation in low burn severity sites is necessary for light penetration through the closed, overstory canopy. This promotes photosynthetic activity for the growth of vegetation in understory canopies or tree-fall gaps. This might also be a reason for the positive Larch regeneration response in later successional stages as indicated by the FRI (Figure 11c) . Here, regenerated saplings are still partially or completely covered by overstory canopies of both shade intolerant species and remaining adult trees. However, it is worth mentioning that the ability of understory trees to grow and survive in shade is the outcome of complex interactions between leaf-and plant-level responses to light, nutrients, and water availability [88, 89] . In the cases of a negative response to solar insolation of early successional stages in moderate and high burn severity sites (Figure 9c ), an increase of leaf temperature under high solar insolation that leads to decrease of the net photosynthetic rate may be influential [90] .
Both green vegetation and Larch dominated recovery stages of the post-fire forest were positively correlated with pre-fire forest condition (Figures 9e and 11b) . The importance of pre-fire NDVI, particularly in predicting Larch regeneration, may be related to the basal area of the pre-fire Larch forest. Seed production and seedling densities have been shown to be positively correlated with pre-fire basal areas [3, 82, 91, 92] . Higher pre-fire NDVI thus results in higher seed productivity that can promote post-fire regeneration. A high recruitment rate of shade-intolerant species such as grass, shrub and herbaceous plants in early successional stages after a fire was also expected in the areas with higher pre-fire NDVI, as they can provide a bank of roots and stumps for asexual recovery of these species. Similarly, the higher forest regeneration rate in the Larch burned areas not only suggests the importance of seed availability but also microclimate conditions and soil properties in the post-fire Larch environment for seed germination and growth.
Even though we evaluated multiple factors related to fire and environmental conditions that affect the patterns of post-fire forest succession in the boreal Larch forest, these factors only accounted for 40%-50% of the variance in forest recovery explained by the models. Many other unstudied parameters might also have strong direct-or indirect-influences on post-fire biotic patterns. In addition to burn severity, other parameters of the fire behavior such as fire intensity, fire severity and fire frequency are significant factors in determining the heterogeneity of post-fire landscape including species composition [2, 25, 27, 93, 94] . For example, high and very high fire frequency may lead to replacement of forest vegetation by nonarboreal vegetation such as meadow, shrub, or tundra, and many even take 50 to hundreds of years to recover to the pre-fire condition [25, 95] . Fire intensity and initial fire severity may be important variables that may be more highly correlated with vegetation recovery than the burn severity predictor variable.
Unfortunately, estimates of fire intensity and fire severity (i.e., an initial and early assessment after fire activity [47, 96] ) by remote sensing were not feasible in this study as they require satellite images acquired during or shortly after the fire event. Nevertheless, it should be noted that measured burn severity is already an extended assessment using remotely sensed measures as surrogates of fire intensity and severity in monitoring the post-fire effects [7, [96] [97] [98] .
Additionally, post-fire soil properties, soil organic layer depth and permafrost conditions are factors that can drive patterns of boreal forest recovery. Kasischke et al. [51] found that organic layer depth remaining after fire is positively correlated with post-fire conifer seedling density, while it negatively affected the broadleaf recruitment and growth in the North American boreal forest. These patterns of tree recruitment in post-fire boreal forests are further affected by soil moisture [51] , soil burn severity, pre-fire conifer and broadleaf basal area and drainage [45] . Siberian boreal Larch forests typically have a pre-fire organic layer much thinner than the North American boreal forest, about 10 cm and 25 cm respectively [8, 99] . Organic layer depth significantly affects the depth of soil thawing that, in turn, can drive Larch forest growth and regeneration [99] . In addition to differences in fire types and species characteristics [86] , the response of post-fire vegetation with respect to organic layer depth as well as soil thawing depth is expected to differ between these two boreal ecoregions. This requires further investigation.
Finally, even though the RF algorithm is non-parametric and might be unaffected by the distributional assumptions as well as spatial autocorrelation [71, 73, 100] , further analysis in the influence of these assumptions on the results of this study is still necessary to quantify the uncertainties of the derived models. For example, Kane et al. [101] found that there were differences in variance explained by predictor variables if the RF models were developed with different sample distances. Kane et al. also mentioned that the closer sampling (e.g., 45-180 m) can be used to catch fine scale heterogeneity of ecological conditions as well as to understand the key variations in the biophysical patterns within the study area. On the other hand, the larger sampling distance (e.g., 360-720 m) may provide coarser resolution of biophysical patterns. This idea has potential for future research to understand local and global patterns of post-fire forest recovery based on the analysis of spatial autocorrelation in predictor variables.
Implications for Post-Fire Forest Succession and Forest Management
Post-fire successional trajectories in Larch forests are highly sensitive to variation in fire regimes, the physical environment and species characteristics. With the sensitivity of FVC and FRI to differentiate stages of post-fire forest recovery, an assessment of those driving factors that influence change in FVC and FRI based forest recovery rates has demonstrated consistency with the field-based studies. Even though monitoring of all successional stages after disturbance requires an effort over a long period and/or measures of many biotic and abiotic factors in the post-fire environment, initial forest conditions and tree recruitment immediately (e.g., ≤15 years) after a fire can provide a critical observational window to predict canopy patterns and stand dynamics [102] . Therefore, the use of prediction models of an early successional stage and the later stages of sapling and young Larch regrowth based on our selected predictor variables can be useful to identify other successional stages such as the young-to-mature Larch forest succession. For example, a high density of Larch saplings coupled with its high recovery rate measured by the FRI slope in moderate burn severity sites for the first 20 years after fire can be a surrogate of the "self-replacement" succession in these sites. On the other hand, the low recovery rate and lack of seed source for Larch regeneration in high burn severity sites can shift Larch dominated forest to a broadleaf dominated forest.
Variation in the initial stages of post-fire tree recruitment at varying burn severity could result in large, long-term negative impacts on forest carbon storage [103, 104] . As shown in this study, the Larch forest in areas of severe burns will require a longer recovery period-or the Larch forest will possibly not recover-to attain the pre-fire level of net primary productivity. This, in turn, will exacerbate climate change and thus fire disturbance effects. Additionally, the transformation of closed forest to open forest or even grassland caused by fires could result in the alteration of other natural, hydrological and biogeochemical cycles [105] [106] [107] . Therefore, our study suggests that incorporating fire and environmental factors into how environmental conditions are classified for management purposes would improve our ability to guide restoration towards a desired fire behavior, forest composition, structure and landscape patterns. Landscapes could be evaluated to identify where existing forest communities depart significantly from those expected and thus propose priority areas for silvicultural treatments. We note, however, that our results should be examined in relation to similar burned areas in the same ecoregion to predict comprehensively the behavior of fires and forest responses at regional scales.
Conclusions
The influence of fire behavior and environmental factors on the spatiotemporal patterns of Larch forest recruitment and green vegetation recovery as defined by FRI and FVC, respectively, was evaluated in this study using Landsat time-series data. Burn severity was the most important factor explaining the pattern of green vegetation recovery as well as the rate of Larch recruitment. The highest rate of Larch regeneration was found in the sites of moderate burn severity, while a more severe burn was preferable condition for early seral communities of shrubs, grasses, conifers and broadleaf trees to recover. Other factors such as distance to water, pre-fire vegetation condition, solar radiation, slope, dryness temperature also play important roles in determining the regeneration of dominant Larch trees in the post-fire Siberian forest. Further studies are necessary to ascertain a greater understanding of the uncertainty surrounding the random forest based models of post-fire forest patterns in this study.
